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Abstract
We employ data from the Panel Study of Income Dynamics to investigate
income to health causality. To account for unobserved heterogeneity, we fo-
cus on the relationship between earnings growth and changes in self-reported
health status. Causal claims are predicated upon appropriate moment restric-
tions and speciﬁcation tests of their validity. We ﬁnd evidence of Granger-type
causality running from income to health for married men but not for women
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1or single men. These eﬀects are more pronounced for younger men and the
poor. The former may be the consequence of permanent earnings shocks.
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1 Introduction
The relationship between economic circumstances and health or the gradient has been
the subject of academic inquiry for quite some time. While these investigations have
documented a strong positive correlation between socioeconomic status (SES) and
health in a variety of contexts, they have failed to produce a consensus among scholars
concerning the underlying causal pathways. Typically, economists have tended to
champion the causal pathway from health to income (e.g. Smith (1999), Smith
(2004), Adams, Hurd, McFadden, Merrill, and Ribeiro (2003)). On the other hand,
public health experts and epidemiologists have tended to advocate the reverse causal
pathway from SES to health (e.g. Marmot, Smith, Stansﬁeld, Patel, Head, White,
Brunner, and Feeney (1991)). Still others such as Fuchs (1982) have suggested that
this correlation may have less to do with causality per se than it does with a selection
mechanism in which certain personality traits lead to similar economic and health
outcomes.
2To unravel this correlation, much of this literature has focused on exercises in
the spirit of Granger causality tests. One common approach can be found in Smith
(1999), Smith (2004), and Adams, Hurd, McFadden, Merrill, and Ribeiro (2003) in
which health outcomes are regressed on a battery of controls for SES while controlling
for demographic characteristics and lagged or baseline health outcomes. These
studies typically look at relationships either between levels of health and SES or
between changes in health and levels of SES. In predominately older populations,
these papers show no evidence of causality running from income to health.
While these studies have provided some very important and interesting insights
into the gradient, methodologically, there are several areas where some improvements
can be made. First, because these studies do not relate changes in SES with changes
in health status, they do not adequately adjust for unobserved time-invariant char-
acteristics or unobserved heterogeneity that may be associated with both health and
income. In fact, exercises of this type are somewhat rare. In a comprehensive survey
of 3393 articles screened, Gunasekara, Carter, and Blakely (2011) found that only
13 compared changes in health outcomes with changes in SES. Second, as discussed
by Arellano and Honore (2001), claims that the parameters of dynamic models are
causal typically are predicated on moments that restrict the dynamics of the model
in meaningful ways. Importantly, these restrictions have testable implications. This
3has also, to a large extent, been ignored.
In this paper, we employ data from the Panel Study of Income Dynamics (PSID)
to investigate income to health causality while taking these issues into account.
Speciﬁcally, we focus on the relationship between earnings growth which has been the
subject of a large literature in labor economics (e.g. Abowd and Card (1989); Meghir
and Pistaferri (2004)) and changes in Self-Reported Health Status (SRHS) which has
received less attention. We employ appropriate moment restrictions and speciﬁcation
tests of their validity. Earnings and SRHS are the subjects of our analysis because
unlike most other measures of health or SES (e.g. education, wealth, chronic health
conditions, mortality), they exhibit meaningful time series variation.
We ﬁnd evidence of a causal relationship running from earnings to self-reported
health status for married men but not single men or women. These eﬀects are present
at the earlier stages of the life-cycle but not the later parts of it. This may reﬂect that
diﬀerenced income can be viewed as a proxy for a permanent earnings innovation.
Given this, we should expect larger eﬀects of earnings on health for younger people.
We also ﬁnd that the eﬀects of income tend to be strongest in the bottom quartile of
the earnings distributions and that their eﬀects decline monotonically with income.
The balance of this paper is laid out as follows. In the next section, we discuss
our data. After that, we discuss our estimation methods. This is followed by a
4discussion of our results. We then compare our results to results in several papers
in the literature that are related to ours. Finally, we conclude.
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We chose this age range as these are the ages that people are most likely to be in the
labor force. Our measure of health is SRHS which is a ﬁve-point categorical variable
used to assess a survey respondents health status (1 = excellent; 2 = very good; 3 =
good; 4 = fair; 5 = poor). Our income measure is labor income which includes all
money earned from (the labor part of) farm and business income, wages, bonuses,
overtime, commissions, professional practice, and income from boarders. This is
the same measure that was used in Meghir and Pistaferri (2004). We did not use
data prior to 1984 because the SRHS question was not available prior to this year.
As in Meghir and Pistaferri (2004), we did not use data beyond 1993 because our
particular measure of labor income was not available after 1993 and we wanted to
maintain consistency in all of our data across survey years. Also, following Meghir
and Pistaferri (2004), we did not drop the Survey of Economic Opportunity (SEO)
which is an over-sample of economically disadvantaged individuals. Our reasons for
5doing so were twofold. First, our estimations are all in ﬁrst diﬀerences which purges
the model of ﬁxed eﬀects which, thus, ameliorates the initial conditions problem.
Second, our estimations place large demands on the data and, so dropping the SEO
would have greatly reduced our sample sizes which is something that we could not
aﬀord. Descriptive statistics and variable deﬁnitions can be found in Table 1.1
Step-by-step details on the sample construction can be found in the appendix.
Our main justiﬁcation for emphasizing labor income over other measures of SES
is that it exhibits more variation over time than many other correlates of economic
status such as education and wealth. This temporal variation is crucial in any study
that seriously aims to control for unobserved heterogeneity. For married people,
we acknowledge that there are issues concerning whether labor income is the most
appropriate measure if the spouse is the main breadwinner. To address this, we run
models that include own and spousal income for married people.
We map the ﬁve point categorical SRHS variable into a binary variable. Values
of SRHS of four or ﬁve get mapped into zero and values of one, two or three get
mapped into a one. This partition is standard in the literature, although note that,
after our mapping, higher values denote better health (i.e. the ones are healthier
1Note that because we dropped the SEO, the percentage of blacks in the data is higher than in
the US population.
6than the zeros). The reason why we do not work with the ﬁve-point variable is that
doing so would have required using a nonlinear ordered model with ﬁxed eﬀects and
predetermined regressors. In our view, estimation and identiﬁcation of this class of
models is not fully developed in the literature. For more on this issue, we refer the
reader to next section.
Finally, while the SRHS variable can be criticized for being subjective, it does
have several merits. First, unlike mortality or indicators of many chronic ailments,
SRHS does vary substantially over time. Such variation is crucial in a study of
the relationship between earnings growth and changes in health status. Moreover,
Smith (2003) has shown that this variation in SRHS is correlated with changes in
more objective measures of health. Second, it has been shown that many other more
objective measures of health are not without ﬂa w s . F o re x a m p l e ,B a k e r ,S t a b i l e ,a n d
Deri (2004) compared self-reported measures of speciﬁc objective conditions, which
are prone to errors, to their counterparts from medical records, which are not. They
found that there was a large degree of measurement error in the objective measures
which was also correlated with economic outcomes.
3 Estimation Equation
7Denoting log labor income by , the binary SRHS variable by ,a n da g eb y,









for  =1  and  =1 . This equation accounts for unobserved heterogeneity
in the constant term, dynamics which operate via the lagged dependent variables,
causality from income to health, and aging. To purge the model of unobserved







This will address any bias associated with time-invariant characteristics that are
c o r r e l a t e dw i t hb o t hh e a l t ha n di n c o m e . F o rm a r r i e dp e o p l e ,w ew i l la l s ow o r kw i t h
am o d i ﬁed version of equations (1) and (2) that includes spousal income which we
denote by 

 .I d e n t i ﬁcation of the model in equation (1) will require restrictions
on the timing of how income and health are allowed to aﬀect each other.2
2The model that we work with is, in many ways, consistent with equation (1) in Smith (2004),
but diﬀers somewhat from Adda, Banks, and von Gaudecker (2009). The latter employ the
permanent-transitory model that has become the standard model of earnings progression in the
labor literature (e.g. Abowd and Card (1989) and Meghir and Pistaferri (2004)). It is important
to note that while there is a preponderance of evidence suggesting that the permanent-transitory
model is appropriate for earnings, there is much less of a consensus on how to model the dynamics
8An alternative modeling strategy would be to employ "stress models" of health
which are essentially the permanent-transitory model of earnings applied to health
as in Halliday (2011), Adda, Banks, and von Gaudecker (2009) and Deaton and
Paxson (1998). This avenue would require modeling the eﬀects of permanent and
transitory income shocks on health and vise versa.I d e n t i ﬁcation would require
an exclusion restriction as in Adda, Banks, and von Gaudecker (2009). However,
it is very important to note that a major diﬀerence between their paper and this
paper is that they estimate the model at the cohort level, whereas we estimate
everything at the individual level. As such, their exclusion restriction is that
permanent shocks to health at the cohort level do not aﬀe c ti n c o m ea l s oa tt h e
cohort level. Importantly, they remain completely agnostic about causal pathways
at the individual level. Consequently, any attempt to employ the permanent-
transitory model of health here would require an assumption that is stronger than in
Adda, Banks, and von Gaudecker (2009). This approach would require producing
an exclusion restriction that is defensible at the same time that it provides moments
that are informative of the model’s parameters (i.e. avoids weak instruments). Our
primary justiﬁcation of estimating equation (1) is that identifying its parameters
of health. The model that we consider here is essentially a linear version of the models considered
in Contoyannis, Jones, and Rice (2004a) and Contoyannis, Jones, and Rice (2004b), except that we
will allow for feedback from income to health whereas the others do not.
9requires moments that we believe to be both defensible and informative. We were
not so sure that this would have been the case with the "stress model."
3.1 Moment Restrictions
Identiﬁcation of 
 is achieved by restricting the causal ordering between health and
income through assumptions on the model’s residuals. The strongest assumption
that we can make is that earnings is strictly exogenous. Speciﬁcally, if we adopt the
notation that 
 ≡ (1 )












Assumption (3) says that innovations to health are uncorrelated with income at all
leads and lags. This precludes any possibility that health today will aﬀect earnings
tomorrow or beyond. While this assumptions is strong, it does provide a useful
benchmark.












10Assumption (4) implies that the residuals at time  in the health equation are un-
correlated with income through time . This assumption says that income is pre-
determined. It imposes a particular causal ordering on health and income in which
income at time  is allowed to cause health at time  which is, in turn, allowed to
c a u s ei n c o m ea tt i m e+1. Importantly, it precludes any contemporaneous causality
from health to income. This is a testable implication.
3.2 GMM Estimation
We will employ a GMM procedure to estimate the model’s parameters. If we
invoke the strict exogeneity assumptions, then no instruments are needed for income.
However, instruments are still needed for the lagged dependent variables and so
we will use 
−2
 as instruments for ∆(−1). If we invoke the predeterminedness
assumption, then we must also instrument for income and, so we will use 
−1
 as
instruments for ∆. We will follow the standard practice of reporting the one-step
estimates as Arellano and Bond (1991) show that the two-step procedure has poor
ﬁnite sample properties.
A ﬁnal issue that we should address is that of using too many instruments. When
using estimators of this type, there is a tendency for instrument proliferation as the
11number of instruments will increase at a rate that is quadratic in . As discussed
by Roodman (2009), the fundamental issue here is that when there are too many
instruments relative to the sample size, the 2 on the ﬁrst stage will approach unity
and so the second stage estimator which be almost equivalent to OLS. To address this
critique, when using the predetermined assumption, we cap the maximum number
of lags that can be used as instruments at three.
3.3 Speciﬁcation Tests
Arellano and Bond (1991) discuss several speciﬁcation tests for dynamic panel data
models such as those in equation (1). One test centers on the fact that the prede-
termined assumption restricts the serial correlation in the residuals. In particular,










Arellano and Bond (1991) develop a test that has a standard normal distribution
when the null in equation (5) is true. We call this test 2 following their notation.
In addition, if the residuals are highly persistent so that they have close to a unit
root, then a test based on 2 will have no power. To address this, they note that










They also develop a test of the null implied by equation (6). This statistic is called
1 (again following their notation). If 1 is statistically diﬀerent from zero and
2 is not then this is a necessary condition for the model to be properly speciﬁed.
The second is Hansen’s overidentiﬁcation test which is based on the Sargan statistic.
This test statistic, which we call , will have a chi-squared distribution when all of
the overidentifying restrictions are valid.3
3.4 Assessing the Linearity Assumption
One important issue with equation (1) that we must address is that we adopted a
linear model as opposed to a non-linear latent variable model. The only estimator
of a non-linear latent variable model that allows for predetermined variables and
unobserved heterogeneity that we know of is Arellano and Carrasco (2003). A
major reason why we do not believe that this estimator would be appropriate for our
3It is important to note that evidence from Andersen and Sorensen (1996) and Bowsher (2002)
suggests that the test has low power when the number of instruments is too large relative to the
s a m p l es i z e . T om i t i g a t et h i si s s u e ,w eh a v et r uncated the number of instruments as discussed
above.
13application is that it requires observation of the entire history of the variables to be
correctly speciﬁed. If it is not (which is the case in the PSID), then the model will
be egregiously mis-speciﬁed as a mixture of normals will be assumed to be simply a
normal distribution.
One defense of the linearity assumption is that often binary choice models have
conditional expectations that are linear over a large portion of the support of the
index. We oﬀer some suggestive evidence for this in Figures 1 through 4 where we
plot ﬁtted values from linear and probit regressions of the binary SRHS variable onto
an age trend. While the ﬁgures do show some curvature in the ﬁtted values from
the probits, they are close to linear as evidenced by their proximity to the ﬁtted OLS
values.
4 Empirical Results
Throughout this section, we will estimate our models using four demographic sub-
samples: single men (SM), single women (SW), married men (MM), and married
women (MW).4
4Note that these groups are not mutually exclusive as some people were single for parts of their
duration in the PSID but married for others. As such, the sample sizes reported at the bottom
of the tables in this section sum to a number that is greater than 6447 which is size of the sample
that we report in the Appendix.
144.1 Autocorrelations in Income and Health
We begin by reporting estimates of autocorrelations of earnings growth and changes
in SRHS which is an exercise that is common in the earnings dynamics literature
(e.g. Abowd and Card (1989) and Meghir and Pistaferri (2004)). Results for singles
are reported in Table 2 and for couples in Table 3. In order to make comparisons
between income and health, we report correlations and not covariances.
The tables reveal a number of interesting patterns in the data. We see strong
negative serial correlation in both income and health changes at the ﬁrst order.
While negative serial correlation in earnings growth has been well-established (e.g.
Abowd and Card (1989) and Meghir and Pistaferri (2004)), negative serial correlation
in changes in SRHS is relatively less established. If we were to have adopted the
permanent-transitory model of earnings to health (i.e. the "stress model"), then
these results are strongly indicative of an important role for transitory components in
the health process. It is also interesting to note that the ﬁrst-order autocorrelations
are of a larger magnitude for health than for income. Next, the autocorrelations
are not signiﬁcant at the 5% level or greater past the ﬁrst order for all demographic
groups except for married men. This is suggestive that the residuals in equation (2)
will be serially uncorrelated for orders greater than one. Finally, we note that the
15autocorrelations in both health and income taper to zero. This suggests that there
are no heterogeneous trends in neither health nor income. The result for income is
consistent with Abowd and Card (1989) and Meghir and Pistaferri (2004). Also,
the result for health is consistent with Halliday (2008).
4.2 OLS
Before we discuss the GMM estimation results, we present results for OLS estimation
of the ﬁrst-diﬀerenced health model in equation (2) in Table 4 as a benchmark. First,
we see that the estimates of lagged health are all negative and highly signiﬁcant. This









as a moment condition. The GMM procedures do not use this as a moment and so
we will see that the estimates of the lagged health coeﬃcients for these procedures
are generally positive as one would expect. Reﬂective of this large and negative
estimate, we see that the 2’s are all large (i.e. around 20%) across demographic
groups.
Moving to the estimates of the income coeﬃcients, we see a positive and signiﬁcant
16estimate for men but insigniﬁcant estimates for women. For single men, the estimate
of 0.038 suggests that a 1% increase in labor income is associated with an increased
probability of being in the top three SRHS categories of 0.00038 or 0.038 percentage
points.5 For married men, the coeﬃcient estimate is almost half as small at 0.02.
For couples, it is reasonable to suspect that own and spousal income might matter,
particularly, for women. Interestingly, for married men, we see that a 1% increase
in spousal income is associated a small but statistically signiﬁcant reduction in the
propensity to be in the top three SRHS categories of 0.001 percentage points. One
interpretation of this result is that an increase in a wife’s income might be a marker
of ﬁnancial distress within the household. For example, in our sample, we see that
a 1% increase in the wife’s income is associated with a 0.0023% reduction in the
husband’s income and this estimate is statistically signiﬁcant ( = −261).6 While
it is true that this point-estimate is very small, it is commensurate with the small
estimate of the eﬀects of spousal income on health that we see for married men. The
coeﬃcient on spousal income for married women is positive but not signiﬁcant.
5This level-log speciﬁcation is somewhat uncommon. The proper interpretation of  in the
model






So,  can be interpreted as the eﬀect of a 1% change in earnings on the probability of being in good
health in percentage points.
6This result is not reported but is available from the author upon request.
174.3 Arellano-Bond Estimates
4.3.1 Strictly Exogenous Income
We now discuss the Arellano-Bond results obtained using the strict exogeneity as-
sumption. These are reported in Table 5. First, the tests of serial correlation in the
diﬀerenced residuals (i.e. 1 and 2) pass. We see that the diﬀerenced residuals
are strongly negatively serially correlated at one lag but exhibit no serial correlation
at higher lags. In general, the tests of serial correlation in the residuals perform
quite well for all of our Arellano-Bond results. All of the overidentiﬁcation tests
pass at the 10% level, although we do reject the null at the 5% level in column 6 for
married women. Note that the strict exogeneity moment condition uses no overiden-
tifying restrictions for income. In other words, since is income is assumed strictly
exogenous, 




As such, the Sargan statistic here is not an indication of the validity of the strict
exogeneity assumption.
We now turn to the parameter estimates. First, because we are no longer em-
ploying the moment condition in equation (7), we no longer see the highly signiﬁcant
18negative coeﬃcients on lagged health. The estimates are positive and signiﬁcant
for single and married men and insigniﬁcant for everyone else. Second, we see very
similar estimates of the income coeﬃcients in Tables 4 and 5. Indeed, the estimates
for single and married men are virtually the same in the two tables. The reason
underlying this is that both estimators rely on the moment in equation (8). The only
mildly noteworthy diﬀerence is that the estimate of the spousal income coeﬃcient in
column 6 for married women is positive and of borderline signiﬁcance. This indi-
cates that an increase in spousal income is modestly associated with better health
for women.
4.3.2 Predetermined Income
We now turn to the results that use the predetermined assumption. These are
reported in Table 6. We no longer see any eﬀects of income for single men. While
all three speciﬁcation tests pass, it is important to bear in mind that the sample
size is small ( =9 1 6 ). So, this null results may be driven by the predetermined
assumption resulting in less eﬃcient estimates than the strict exogeneity assumption.
Next, we see a very large negative estimate of the income coeﬃcient for single women.
However, a few issues must be borne in mind. First, its magnitude is implausibly
large at -0.178. Second, we will see that the instruments in this estimation are weak
19which is probably what is driving this odd estimate.
We now turn to the results for married men in columns 3 and 4 and married
women in columns 5 and 6. For this group, the sample sizes are on the order of 3000
for men and 2000 for women and, so eﬃciency should be less of an issue. In column
3, for married men, we see that the estimate of 
 is now 0.054 and signiﬁcant
at the 10% level. In contrast, we saw that with the strict exogeneity assumption,
the point-estimate was more than half as small at 0.022 but much more signiﬁcant.
Once again, this probably reﬂects that the estimates in Table 5 were more eﬃciently
estimated than in Table 6. Moving to column 4 where we include spousal income,
we see that own income is no longer signiﬁcant, although its point-estimate is still
larger at 0.039 than in column 4 of Table 5 where it is 0.020. In the same column,
we see that the estimate on spousal income is -0.003 and signiﬁcant at the 10% level.
In contrast, in Table 5 where we invoke the strict exogeneity assumption, we saw
that the estimate is smaller at -0.002 but much more signiﬁcant. We see that the
speciﬁcations tests perform well in both columns. In columns 5 and 6, we do not see
any eﬀects of own or spousal income on health for married women. The speciﬁcation
tests in these columns also perform well.
It is important to point out that there is a general pattern in which the signiﬁcant
estimates in Table 6 are larger than their counterparts in Table 5 where we assumed
20strict exogeneity. This is most likely a result of there being less attenuation bias
from measurement error using the predetermined assumption in equation (4) than
the strict exogeneity assumption in equation (3). The reason for this is that the
former assumption uses ∆ as its own instrument, whereas the latter uses (−1) as
an instrument for ∆.I n t h e ﬁrst case, measurement error bias will be present in
periods  and  − 1, but in the second it will only be present in  − 1.
We conclude this subsection by investigating the possibilities of non-linearities
in the health income relationship. To do this, we consider a modiﬁed model that













where  is the th percentile for earnings. Note that [0 25] is the omitted bracket.
This speciﬁcation allows the eﬀect of income to change as it increases. The eﬀect
of income for the bottom quartile is 
, for the second lowest quartile is 
 + 25,
and so on.
Estimation results are reported in Table 9 for married men.7 First, we see that
the estimate of 
 increases from 0.054 to 0.11 once we account for the non-linearities
7We did not ﬁnd noteworthy results for the other three demographic groups and so we do not
report them.
21in earnings. The reason why the estimate increases by so much is that the variable
 is strongly positively correlated with the variables  ∗ 1( ∈ ( +25]) which
are negatively correlated with health once we partial out income. So, including the
terms inside the summation in equation (9) increases the estimate of 
. Second,
w es e et h a tt h ee ﬀects of earnings diminish with higher incomes as the estimates of

 are all negative and highly signiﬁcant. This suggests that the largest eﬀects of
income on health can be found in the bottom quartile.
4.3.3 Weak Instruments
To investigate whether or not weak instruments is an issue, we consider the following
equations:




∆ = 0 + 1(−1) + 2(−2) + 3(−3) + 

 (11)
These two equations, while not a formal and rigorous test for weak instruments, will
shed light on the power of the information embedded in the moment condition in
equation (4). Since we only used a maximum of three lags in the estimations, we
also only include three lags in equations (10) and (11). As discussed in the weak
22instruments literature, the conventional distribution theory for the -statistic is no
longer applicable. Instead, we will use the conventional wisdom of seeing if the
-statistic of the nulls that 0 : 1 = 2 = 3 =0and 0 : 1 = 2 = 3 =0is
above ten. As a justiﬁcation for this rule-of-thumb, we note that the 5% critical
values for the case of three instruments in Table 1 of Stock, Wright, and Yogo (2002)
are typically around ten.
The estimation results are reported in Table 8. In the top panel, the estimation
of equation (10) reveals that weak instruments are probably an issue for single and
married women as the -statistics are 3.74 and 4.12, respectively. This helps to
make sense of the odd estimate of 
 that we reported in column 2 of Table 6 for
single women. In addition, while the estimates for married women in columns 5 and
6 of the same table were more reasonable, the low -statistic for married women
does indicate that some degree of caution should be taken with these estimates as
well. Turning to single and married men, weak instruments do not appear to be a
problem here as the -statistics are 26.48 and 171.22, respectively. Finally, in the
bottom panel of the table, we report estimates of equation (11) and we see that the
-statistics are all well above 100 indicating that weak instruments is not an issue
when instrumenting for lagged health.
234.4 Interpreting the Estimates
The estimates of 
 in column 3 of Tables 5 and 6 suggest that a 1% increase
in labor income results in an increase in the probability of being in the top three
SRHS categories of between 0.022 and 0.054 percentage points. To help us better
understand why these eﬀects are so large, it is useful to consider to what extent
the parameter 
 is determined by the eﬀects of permanent and transitory income
shocks. To ﬁx ideas, we appeal to the permanent-transitory model of earnings from
Abowd and Card (1989) and Meghir and Pistaferri (2004):
∆ =  + ∆ (12)
where  and  are permanent and transitory shocks to log earnings. Essentially,
what equation (12) says is that ∆ in equation (2) can be interpreted as a proxy for
a permanent income shock. As such, one can then interpret 
 as, to some extent,
identifying the eﬀects of permanent earnings shocks on health status.
If this interpretation is correct, then one should expect to see larger eﬀects of
income on health for younger people since a permanent shock will persist for a
shorter time for older people. To investigate this, we estimate the model in equation
(1) for people age 45 and under and for pe o p l eo v e r4 5 . I nT a b l e9 ,w ep r e s e n t
24estimates of 
 for the four demographic groups broken down by age. Notably, in
column 3, we estimate the parameter for married men and we see that it is large and
signiﬁcant for younger men, 0.086 with a -statistic of 2.85, but small and statistically
indistinguishable from zero for older men.
4.5 Testing the Causal Ordering
We conclude with a ﬁnal check on the causal ordering implied by the assumption
in equation (4). As discussed above, the predetermined assumption implies that
income at time  causes health at time  which, in turn, may aﬀect income at  +1 .
However, it precludes any contemporaneous causality running from health to income.
Consequently, another way to check the validity of the predetermined assumption is
to test for a contemporaneous causal relationship running from health to income.
To do this, we consider a model similar to equation (1) except with the roles of





















25If we ﬁnd a positive and signiﬁcant estimate of 
 in conjunction with passing
speciﬁcation tests, then this would provide strong evidence against the predetermined
assumption that we invoked throughout this paper.
Estimation results are reported in Table 10. First, we see that, with the exception
of married women in columns 5 and 6, that the overidentifcation tests do not perform
well. However, the rejection of the overidentiﬁcation tests may be a consequence of
equation (13) being an inadequate model for income. Indeed, in results that we do
not report, we do see that the Sargan statistics for estimation of equation (13) with
health excluded also have low -values. Second, we see that, with the exception of
single women, that the estimates of 
 are all small and insigniﬁcant. As we already
discussed, the large negative estimate for single women is most likely due to weak
instruments. So, given this model of earnings (which may not be the best model
of earnings progression according to the Sargan statistics), there is no evidence of
a contemporaneous causal relationship running from health to income. This lends
additional (albeit somewhat weak given the Sargan statistics) evidence in favor of
the assumption that income is predetermined in equation (1).
265 Relationship to the Existing Literature
We now compare our ﬁndings to two important papers in this literature. These
papers were chosen because of their emphasis on investigating the income to health
causal pathway. We will focus on the following papers: Smith (2004), who estimates
similar parameters and ﬁnds conﬂicting results, and Adda, Banks, and von Gaudecker
(2009), who estimate diﬀerent parameters but use similar methods to ours.
5.1 Smith (2004)
Smith (2004) regresses an indicator for the onset of a chronic condition on a battery
of proxies for SES including income, wealth, and education while controlling for past
health status, a set of health risk factors, and a conventional set of demographic
controls. To ﬁx ideas, consider a model such as
∆ = 0 + 1(−1) + 2(−1) + 
0
 +  (15)
where  =  + and the demographics are contained in .I f w e r e s t r i c t 1 =0
but include baseline health variables in  then we would obtain something similar



















T h ei d e ab e h i n dt h i se x e r c i s ei st h a to n c ew ep a r t i a lo u tt h e s eo t h e rf a c t o r s ,t h e
estimates of the SES coeﬃcients (2 in our case) can be interpreted as causal in some
Granger sense. The restrictions imposed on  are similar to our predeterminedness
assumption (in fact, they are weaker). However, the restrictions on  actually
contradicts the speciﬁcation in equation (15) provided that 1 6= −1.I n o t h e r
words, consistent estimation of the parameters of this model precludes a ﬁxed eﬀect.
He ﬁnds in both the Health and Retirement Survey and the PSID that the only
component of SES that matters is education and that income never matters.
Our speciﬁcation diﬀers from equation (15) since identiﬁcation in this paper is
driven by how diﬀerences in income lead to diﬀerences in SRHS. Claims of causality
are grounded in appropriate moment restrictions and speciﬁcation tests of the validity
of these restrictions. In contrast, Smith (2004) investigates how levels of income
are associated with changes in health once one controls for a battery of possible
confounders. No discussion of model speciﬁcation is provided.
To provide the reader with some idea of how speciﬁcation matters, we present
Table 11 where we estimate the model in equation (15). In the odd numbered
28columns, we estimate the model without lagged health (i.e. 1 =0 ). We see that
income never matters. In the even numbered columns, we include lagged health and
we now see that income matters a lot as the -statistics are always above ﬁve. The
reason for this discrepancy is that lagged health is highly and negatively correlated
with changes in health but is also positively correlated with income. So, omitting
lagged health in the model results in a severe negative bias. One could have simply
reported the results in columns (1) and (3) without regard to the model in columns
( 2 )a n d( 4 )a n dc l a i m e dt h a tt h ee ﬀects of income on health are null.8
5.2 Adda, Banks, and von Gaudecker (2009)
Adda, Banks, and von Gaudecker (2009) also employ dynamic panel data techniques
to conduct tests of "Granger-type" causality. However, an important diﬀerence
between their paper and ours is that their focus is at the cohort level, whereas ours
8There are other potential reasons for the divergence between our results and his results. First,
poor eﬃciency due to small sample sizes may be an issue. For example, the PSID results were
run on single cross-sections corresponding to baselines at 1984, 1989, and 1994. Without pooling
data across cross-sections, there may be an inability to detect some eﬀects. Second, the dependent
variables are diﬀerent in his and our studies. There is certainly some debate in Health Economics
about which measures of health are best and we certainly do not claim that SRHS is the best.
However, as discussed earlier, there is evidence suggesting that there are non-trivial measurement
errors in self-reported objective measures of chronic conditions (see Baker, Stabile, and Deri (2004)).
Moreover, there may not be suﬃcient variation in these measures, particularly at earlier ages where
we believe the bulk of the eﬀects to lie, to be able to detect meaningful income eﬀects.
29is at the individual level. Borrowing their notation, they consider a model like































are permanent shocks to income and health, and 
 and 
 are transitory shocks to
income and health. The authors focus on the parameter  which is the impact
of permanent shocks to income on health. Identiﬁcation stems from the assumption
that 
 =0 .T h e yﬁnd signiﬁcant estimates   Similar to Ruhm (2000), this
suggests that positive cohort-speciﬁc earnings shocks, such as economic booms, lead
to increased mortality. However, they ﬁnd no eﬀects using measures of morbidities
suggesting that the mortality results are driven by things such as vehicular and
on-the-job accidents.9
It is crucial to point out again that this model is speciﬁed at the cohort level
but remains completely agnostic about causal pathways at the individual level. In
other words, they require no restrictions on the individual level parameters in their
9This is consistent with the analysis of Miller, Page, Huﬀ-Stevens, and Filipski (2009). It also
helps to reconcile the results in Ruhm (2000) from those in Sullivan and von Wachter (2009a),
Sullivan and von Wachter (2009b), and Strully (2009) who show that job loss is associated with
worse health outcomes since it suggests that the procyclicality of mortality rates might be driven
by a mechanism other than job loss.
30equations (2) and (3). In this sense, there is no contradiction between their results
and ours.
6C o n c l u s i o n s
In this paper, we estimated the eﬀects of earnings growth on movements in self-
reported health status using the Panel Study of Income Dynamics. We documented
that changes in log income and self-rated health exhibit similar temporal patterns.
In particular, both exhibit strong negative autocorrelation at one lag suggesting that
transitory components may be important in both earnings and health. We then
conducted tests for income to health causality (similar but not identical to Granger
causality) and found evidence of a positive relationship between earnings growth and
improvements in health for married men but not single men or women. These eﬀects
were only present for men younger than age 45 and strongest in the bottom quartile
of the earnings distribution.
7 Appendix: Sample Selection
Initially, we started with 20,338 heads of household and their spouses who were in the
PSID between 1984 and 1993. Next, we dropped people with incomplete information
31on SRHS which dropped the sample size to 20,222. As in Meghir and Pistaferri
(2004), we then dropped people whose ﬁrst-diﬀerence log income was smaller than -1
or greater than 5.10 This dropped the sample size to 18,073. Next, we kept people
who were between ages 25 and 60 (inclusive) which left us with 14,670 individuals.
We then dropped people whose ages declined by more than a year or increased by
more than 2 years across years which brought the sample size to 12,899. Finally, we
dropped people who were not in the panel continuously which further dropped the
sample size to 10,502. Year-by-year sample sizes can be found in Table 12. Finally,
we kept people who were in the panel for at three years which brought the sample
size to 6447 individuals.
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Health Binary indicator for SRHS =3
089
(031)
Income Individual labor income (2007 $)
4200801
(3953351)
White Indicator for being white
069
(046)
Black Indicator for being black
030
(046)
Married Indicator for being married
078
(042)
Sex Indicator for being male
055
(050)
College Indicator for having a college degree
029
(045)
High School Indicator for having =1 2y r so fs c h o o l
050
(050)
38Table 2: Autocorrelations - Singles





























p-values in brackets. Standard errors were computed with the bootstrap.
*** sig at 99%, ** sig at 95%, * sig at 90%
39Table 3: Autocorrelations - Couples





























p-values in brackets. Standard errors were computed with the bootstrap.
*** sig at 99%, ** sig at 95%, * sig at 90%
40Table 4: OLS Estimates: Income to Health
SM SW MM MM MW MW















































2 0.2349 0.1955 0.1978 0.1973 0.2275 0.2294
 916 1103 3103 3058 2156 2114
t-statistics in parentheses. All standard errors clustered by individual.
41Table 5: AB Estimates: Income to Health, Strictly Exogenous Income
SM SW MM MM MW MW






















































































#o f 39 39 39 40 39 40
 9 1 6 1 1 0 33 1 0 33 0 5 82 1 5 62 1 1 4
t-statistics in parentheses. p-values in brackets.
42Table 6: AB Estimates: Income to Health, Predetermined
SM SW MM MM MW MW






















































































#o f 61 61 61 84 61 84
 9 1 6 1 1 0 33 1 0 33 0 5 82 1 5 62 1 1 4
t-statistics in parentheses. p-values in brackets.





 ∗ 1( ∈ (2550])
−0006
(−392)
 ∗ 1( ∈ (5075])
−0010
(−400)













This table reports estimates of equation (9).
We only report the estimates of coeﬃcients on the
income variables. t-statistics are in parentheses.
p-values are in brackets.
44Table 8: First Stage Regressions
SM SW MM MW




























 2648 374 17122 412




























 12118 25213 36665 31194
t-statistics in parentheses.
45Table 9: Estimations Broken Down by Age
SM SM MM MW






















 187 415 963 691
This table reports estimations of the same model from Table 6
broken down by age. We only report the estimates of 
.
t-statistics are reported in parentheses.
46Table 10: AB Estimates: Health to Income, Predetermined
SM SW MM MM MW MW






















































































#o f 61 61 61 84 61 84
 9 1 6 1 1 0 33 1 0 33 1 0 32 1 5 62 1 5 6
t-statistics in parentheses. p-values in brackets.
47Table 11: Alternative Model Results
(1) (2) (3) (4)
















2 0.0010 0.2801 0.0001 0.2412
















2 0.0001 0.2389 0.0001 0.2365
 3157 3157 2177 2177
This table contains estimates of the alternative model in equation (15).
Controls for education and race were included but not reported.
t-statistics are reported in parentheses.





















































































































































































































Figure 3 Figure 4
50